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Translation studies tell us...

Translated texts ≠ original texts
- interference                      TM
- standardization               LM

Translations share universals (translationalese)
- simplification
- explicitation



More data = better data?
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Figure 4: Perplexities with Kneser-Ney Smoothing
(KN PP) and fraction of covered 5-grams (C5).

7.3 Perplexity and n-Gram Coverage
A standard measure for language model quality is
perplexity. It is measured on test data T = w|T |

1 :

PP (T ) = e
� 1

|T |

|T |

i=1
log p(wi|wi�1

i�n+1) (7)

This is the inverse of the average conditional prob-
ability of a next word; lower perplexities are bet-
ter. Figure 4 shows perplexities for models with
Kneser-Ney smoothing. Values range from 280.96
for 13 million to 222.98 for 237 million tokens tar-
get data and drop nearly linearly with data size (r2 =
0.998). Perplexities for ldcnews range from 351.97
to 210.93 and are also close to linear (r2 = 0.987),
while those for webnews data range from 221.85 to
164.15 and flatten out near the end. Perplexities are
generally high and may be explained by the mix-
ture of genres in the test data (newswire, broadcast
news, newsgroups) while our training data is pre-
dominantly written news articles. Other held-out
sets consisting predominantly of newswire texts re-
ceive lower perplexities by the same language mod-
els, e.g., using the full ldcnews model we find per-
plexities of 143.91 for the NISTMT 2005 evaluation
set, and 149.95 for the NIST MT 2004 set.
Note that the perplexities of the different language

models are not directly comparable because they use
different vocabularies. We used a fixed frequency
cutoff, which leads to larger vocabularies as the
training data grows. Perplexities tend to be higher
with larger vocabularies.
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Figure 5: BLEU scores for varying amounts of data
using Kneser-Ney (KN) and Stupid Backoff (SB).

Perplexities cannot be calculated for language
models with Stupid Backoff because their scores are
not normalized probabilities. In order to neverthe-
less get an indication of potential quality improve-
ments with increased training sizes we looked at the
5-gram coverage instead. This is the fraction of 5-
grams in the test data set that can be found in the
language model training data. A higher coverage
will result in a better language model if (as we hy-
pothesize) estimates for seen events tend to be bet-
ter than estimates for unseen events. This fraction
grows from 0.06 for 13 million tokens to 0.56 for 2
trillion tokens, meaning 56% of all 5-grams in the
test data are known to the language model.
Increase in coverage depends on the training data

set. Within each set, we observe an almost constant
growth (correlation r2 ≥ 0.989 for all sets) with
each doubling of the training data as indicated by
numbers next to the lines. The fastest growth oc-
curs for webnews data (+0.038 for each doubling),
the slowest growth for target data (+0.022/x2).

7.4 Machine Translation Results
We use a state-of-the-art machine translation system
for translating from Arabic to English that achieved
a competitive BLEU score of 0.4535 on the Arabic-
English NIST subset in the 2006 NIST machine
translation evaluation8 . Beam size and re-ordering
window were reduced in order to facilitate a large

8See http://www.nist.gov/speech/tests/mt/
mt06eval official results.html for more results.
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Hypotheses

1.   S → T ≠ O
2.   S1 → T1

       S2 → T2

3.   T > O     for     S → T

(T1 ∼ T2) ≁ O



Corpora

1. Europarl

2. Hansards
3. Hebrew-English

DE
FR
IT
NL

EN

FR → EN

HE → EN

2.5 M

10 M
3.5 M



1. Perplexity experiments
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Perplexity - abstract      DE → EN
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2. Machine Translation
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3. LM Size / BLEU              FR → EN
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Discussion
Is the number of tokens the appropriate unit?

Do these claims hold:
- as more data is available?
- for other domains?

What to do when both original & translated available?
- combine
- discard original



Some additional experiments...
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Conclusion

Not all texts were created equal!

This is often ignored in MT...


